Abstract. The missing heritability exhibited by late-onset Alzheimer's disease is unexplained and has been partly attributed to epistatic interaction. Methods available to explore this are often based on logistic regression and allow for determination of deviation from an expected outcome as a result of statistical epistasis. Three such methodologies including Synergy Factor and the PLINK modules, -epistasis and -fast-epistasis, were applied to study an epistatic interaction between interleukin-6 and interleukin-10. The models analyzed consisted of two synergistic interactions (SF ≈ 4.2 and 1.6) and two antagonistic interactions (SF ≈ 0.9 and 0.6). As with any statistical test, power to detect association is paramount; and most studies will be underpowered for the task. However, the availability of large sample sizes through genome-wide association studies make it feasible to examine approaches for determining epistatic interactions. This study documents the sample sizes needed to achieve a statistically significant outcome from each of the methods examined and discusses the limitations/advantages of the chosen approaches.
INTRODUCTION

Studies into complex disorders
Characterizing the genetic basis of many diseases is proving difficult, despite their relative commonality and familial clustering. This information is needed in order to create or perfect potential screening technologies and develop effective treatments. This can then be further exploited in terms of pharmacogenetics to enable identification of individuals who would benefit most from a tailored drug regime [1] . Complex diseases are influenced in a variety of ways, by both genetic and environmental factors. Genetic risk factors are frequently proving to be of large number and small effect size creating a cumulative effect, which contributes to the overall. This is in contrast to classical Mendelian disorders (such as familial forms of breast and colon cancer, maturity onset diabetes of the young (MODY), and early-onset familial Alzheimer's disease) which are caused by known, fully penetrant genetic factors.
In an attempt to uncover these factors, genomewide association studies (GWAS) have examined the genomes of thousands of individuals to a depth of several hundred thousand SNPs distributed across the genome, and succeeded in reproducibly identifying a number of novel gene candidates. The AlzGene database is a comprehensive catalogue of published findings in LOAD [2] . However, the reported effect sizes are generally small (odds ratios of 1.5 or less) and therefore cannot explain the overall heritability of these diseases [3] . Despite the contribution made by GWAS in identifying new genes in complex disorders, there is still a sizable component of heritability that remains to be explained. For example, even with the discovery of new genes in late-onset Alzheimer's disease (LOAD) no more than 40-50% of the genetic component is accounted for at present. The current hypothesis is that such disorders are both genetically complex; no simple mode of inheritance, and heterogeneous; a result of mutations and polymorphisms in multiple genes that interact together and with non-genetic factors [4] .
Epistasis
Several theories exist as to which factors account for this missing heritability, and it is likely to be a combination of several factors that will explain it more completely. One possible explanation is that of epistasis, a concept which has become an increasingly used generic term to mean any different way in which one area of the genome can interact with another factor [5] . In studying epistasis, a distinction between the usages of the term must be made and their differences understood so that appropriate investigations and methodologies can be applied, and pertinent conclusions drawn. This too is considered a limitation of examining epistasis and is often cited as the reason for poor reproducibility of findings. These explanations of epistasis can be roughly categorized into three broad forms which are summarized here [6] 
Compositional epistasis
Of the three, this is the most similar to the original term coined around 100 years ago by William Bateson [7] to represent the effects of one allele masking those of an allele at a different loci.
Functional epistasis
This represents protein-protein interactions as opposed to strictly genetic ones, and is perhaps the least suited to be described as epistasis, but often the most commonly inferred by authors.
Statistical epistasis
Finally we have the form that will be focused on in this paper. It looks at differences between the observed and expected odds ratios when we compare the combined odds ratio (OR) of two SNPs with the additive effect of the two SNPs individually.
Alzheimer's disease
Late Onset Alzheimer's Disease (LOAD) is a neurodegenerative disease most commonly found in individuals over the age of 65. The disease is characterized by extensive cognitive decline, the deposition in the brain of extracellular senile plaques, predominantly composed of amyloid-␤ (A␤) peptide and the development of intraneuronal neurofibrillary tangles formed from abnormally phosphorylated tau protein.
Although there is an earlier onset form of the disease with a dominant Mendelian inheritance, the etiology of LOAD is more complex, with multiple environmental and genetic susceptibility factors being implicated.
Prior to the introduction of GWAS, only one consistently identified susceptibility loci in LOAD, apolipoprotein E (APOE), in particular the 4 allele had been identified. Since 2009 and the completion of several large GWAS, strong evidence for additional candidate LOAD genes such as PICALM, CLU, CR1 have been identified, thus corroborating the utility of GWAS [8, 9] . Recent meta-analyses and replication studies have provided further evidence for these genetic factors and added a previously suspected AD candidate, BIN1, to genome-wide significance level, again contributing to the overall heritability [10] [11] [12] . However these findings still do not account for the entire estimated genetic component. Therefore epistasis represents a potential next step in studies of AD, and finding a way to accurately and efficiently predict important interactions is essential [13] .
Approaches explored
The software package PLINK (v1.07) [14] is a bio-informatics toolkit designed for whole-genome analysis, and includes several packages designed to look for evidence of epistasis. The -epistasis package uses linear or logistic regression to provide an odds ratio (OR) for the interaction of two SNPs, while thefast-epistasis is designed as a screening tool to provide an approximation to statistical interaction between pairs of SNPs in a population. Synergy factor (SF) [15] , also based on regression, is a method to identify potential interactions between pairs of SNPs and to provide information regarding the degree of that interaction.
In order to examine these methods we generated synergistic and antagonistic models based on existing studies. Combarros and colleagues [15] examined and reproduced a reported interaction between SNPs in genes for the inflammatory cytokines interleukin-6 (IL-6) and interleukin-10 (IL-10) in LOAD. Using this interaction and breaking down the tools and methods employed to achieve this, models were constructed to represent a range of synergy factors that could then also be manipulated appropriately for use in PLINK, a tool set that is being extensively used in the analysis of GWAS data [14] . Running the different approaches on the same datasets allows for a direct comparison of how effectively they handle a range of SF values and sample sizes, as well as their speed and ease of use. This in turn allows the optimization of our laboratory protocols.
MATERIALS AND METHODS
In an attempt to explore the utility of the methods described above a series of models were generated, initially based on published examples which were then extrapolated to include a variety of circumstances.
SNP selection and proxy ascertainment
To test the three approaches, we have utilized the replicated epistatic interaction between the inflammatory cytokines IL-6 (rs2069837) and IL-10 (rs1800871), for which the reported interaction gave an SF of 1.63 (95% confidence interval: 1.10-2.41, p = 0.01) [15] .
The genotype information for model generation was taken from the samples from Mayo Clinic, Florida that were included in the published GWAS [16] . This genotyping was performed on the Illumina HumanHap300 BeadChip. Subject-level genotype data was provided in PLINK binary format, (.bed, .bim, and .fam).
In order to ensure that full coverage of the gene region was achieved, the physical location of each SNP in the GWAS was ascertained using the HapMap Genome Browser ( Proxies for all SNPs from HapMap that were not included in the GWAS were obtained using SNP Annotation and Proxy Search (SNAP) v2.1 [17] , available at http://www.broadinstitute.org/mpg/snap/ldsearch.php
Model generation
As a way to test the efficiency and accuracy of the three approaches, a range of models had to be designed. The first model utilized a strongly epistatic interaction with an SF ≈ 4.2. The second model, based on the Epistasis Project's attempt to replicate findings between variants in the inflammatory cytokines interleukin-6 (IL-6) and interleukin-10 (IL-10) [15] , resulted in an SF ≈ 1.6. These two models would represent situations where the epistasis in the system would be synergistic, i.e., the two SNPs present together would have a larger OR than the additive effect of each if they were affecting the system independently. An SF ≈ 4.2 represents a strong interaction, while an SF ≈ 1.6 is a more moderate example, and closer to what might be expected in a biological setting.
Two additional models were also tested, the first of which was an antagonistic model of SF ≈ 0.9, where possession of one SNP would reduce the effect size of a second SNP. Finally, an SF ≈ 0.6 represents the reciprocal of the SF ≈ 1.6 model, and thus provides a second antagonistic model.
To model a strong SF (4.2), populations were constructed to give an appropriate SF. To increase sample numbers in each model the same population was duplicated to generate a sample number range of n = 475-13300 for investigation. Table 1 shows the stratified counts for each model population.
Synergy factors were calculated using the Excel spreadsheet SF calculator provided by Cortina-Borja et al. [15] . As shown in Table 2 , genotype counts for a population are stratified into four groups determined by 1) possession of the protective allele at both SNPs (used as the reference group), 2) and 3) possession of at least one copy of the risk allele at either SNP (0.821 and 1.211) and 4) possession of the risk allele at both SNPs In each model n = 475. The + and -symbols relate to the combination of the presence/absence of a minor allele at each SNP. 
PLINK: Epistasis
Once appropriate model populations had been generated, epistasis was calculated for each using the -epistasis function of PLINK using the following command line:
The use of -epi1 1 ensures that the output generated is not limited to just interactions with a p value less than 1 × 10 −4 (PLINK default cut off) as we are looking for the point at which interactions become significant.
PLINK: Fast Epistasis
Epistasis was subsequently calculated for the same populations using the -fast-epistasis function of PLINK:
> plink -file 'input filename' -fast-epistasis -epi1 1 -out 'output filename'
RESULTS
Proxy
The genotyping chip used for the Mayo dataset included rs2069837 (IL-6, chr7 :22734552) but not rs1800871 (IL-10, chr1 :205013257) and therefore a proxy SNP was required to provide the same genotype information.
After application of the bioinformatics tool SNAP Proxy [17] , two potential proxy SNPs in strong linkage disequilibrium (r 2 > 0.8) were identified: rs3024490 -chr1 :205011934 , r 2 = 0.951 (1323 bp 3' rs1800871) rs1518111 -chr1 :205011268 , r 2 = 0.951 (1989 bp 3' rs1800871)
Since rs3024490 had been genotyped in the Mayo dataset this SNP was chosen as a suitable proxy for rs1800871 (IL-10). Table 3 summarizes the minimum number of samples required to achieve significance using each method for the modeled datasets. The synergy factor interaction for the ≈4.2 model (SF ≈ 4.2, 95% CI = 1.29-13.97, p = 0.018) was corroborated by the PLINK modules also showing a strong statistical interaction in the same direction (OR of interaction = 2.79, The p > 0.05 value for each model (≈4.2, ≈1.6, ≈0.9 and ≈0.6) for assessed methodologies (synergy factor, -epistasis and -fast-epistasis). p = 0.049). Modeling a SF of 4.2 required the least number of samples to achieve significance; as can be seen from Table 3 , both synergy factor and -epistasis required 475 samples and -fast-epistasis, 950 samples. However for synergy factor testing, sample numbers greater than 5700 produced a p value too small for display in Microsoft Excel, and instead displays as p = 0.00E+00. All three tests attained a significant p value with the sample numbers shown for the model of a synergy factor ≈ 0.6; with both PLINK modules requiring half the samples than the SF calculator (950 samples versus 1900).
Modeling
The SF ≈ 1.6 model generally required more samples to detect an interaction than any other model. Significant synergy factor was detectable in a model containing 2850 samples (SF ≈ 1.6, 95% CI = 1.04-2.62, p = 0.033), although to detect a similar level of interaction in PLINK (-epistasis) required approximately 13300 samples producing an OR of interaction of 1.20, p = 0.045. The -fast-epistasis module failed to achieve a significant interaction within the sample number range. However by extrapolating it was determined that a significant p value was obtainable with 15200 samples, -fast-epistasis; n = 15200, p = 0.045.
In the case of the SF ≈ 0.9 model, both -epistasis and -fast-epistasis achieved significance with 3800 and 1900 samples respectively. Synergy factor required significantly more samples than were provided within the boundaries of this investigation, however an exercise to provide completeness to the models produced these results: n = 33000, SF ≈ 0.9, 95% CI = 0.799-0.995, p = 0.04.
As shown in Table 4 , significance of the test statistics increased with greater sample numbers used as well as a contraction of the 95% confidence interval.
Graphical representation of the modeling assessment ( Fig. 1 ) was obtained by plotting -log p values against sample numbers to provide a visual comparison of each of the three methodologies being explored for each model.
For the synergistic models (SF > 1, Fig. 1A and 1B) the SF test achieved each significance level with fewer sample numbers than the PLINK modules. Conversely for the antagonistic models (SF < 1, Fig. 1C and 1D ) the PLINK modules required fewer sample numbers to achieve significance than synergy factor assessment.
DISCUSSION
The generation of model datasets has provided a platform from which to explore statistical epistatic interactions, although this study cannot be seen to be exhaustive.
The overall ethos of this modeling is an interaction between risk factors (OR > 1) for LOAD. This fact directs the interpretation of the synergy factor. In this instance, where a SF > 1 is obtained the model is synergistic; conversely a SF < 1 is termed antagonistic. In the case of protective alleles the reverse is true. Here we have assessed a strongly synergistic model (SF ≈ 4.2) that easily achieved significance within the sample numbers explored by the defined methods. A limitation of the synergy factor method can be observed in that the spreadsheet was unable to display a p value less than 2.22 × 10 −16 with sample numbers > 5700; possibly as a result of an inherent limitation of the Microsoft Excel program, requiring the user to obtain the true p-value from an external source using significance tables.
The strongly antagonistic model (SF ≈ 0.6) did not appear to be limited, though further exploration of a model that is the inverse of SF ≈ 4.2 (≈0.24), and thus even more strongly antagonistic may similarly reveal an issue with p value generation. Based on the models described here, as shown in Table 5 , large datasets (>12350) would be required to obtain a suitably significant statistical interaction (p < 0.05). The requirement in this study for sample numbers over and above those initially explored to attain significance in both the ≈1.6 and ≈0.9 model is an indication of the limitation of these types of investigation. It is not beyond the realms of possibility that to detect subtle interactions between SNPs with modest effect sizes, in the order of OR < 1.2, large sample sets will be needed. Interactions not involving APOE in LOAD are likely to fall into this category [13] .
An anomaly observed in this modeling, which can clearly be seen in the graphs in Fig. 1 , is that in synergistic models the synergy factor test is more sensitive, requiring comparatively less sample numbers to achieve significance than PLINK testing. The opposite, in antagonistic models, occurs where PLINK is more sensitive than synergy factor. Further exploration of protective factor interaction (where synergy = SF < 1 and antagonism = SF > 1), risk versus protective factors and more complex interactions (3 + or inclusion of environmental factors) would be needed to enable a more complete explanatory hypothesis to be derived. It is well known that the APOE 2 allele is protective and 4 confers risk in AD [18] . Also interaction between the inflammatory cytokines IL6 (risk) and IL10 (protective) has also been recently reported [15] .
Synergy Factor is based on logistic regression which freely enables the inclusion of covariates in the calculation of odds ratio (OR) statistics. In this way we can assess the deviation from an expected outcome in case-control data between factors existing together or independently. Details on the use of synergy factor, limitations and application have been discussed previously [15] . One limitation of the method is the fact that it cannot be easily used for investigations of whole genome datasets; it is more suitable for examining a finite number of suspected interactions due to the required manual user input.
The -epistasis module within PLINK is similarly based on application of logistic regression algorithms for the generation of the OR of Interaction for allele dosage calculations. Conversely -fast-epistasis is considered as a screening tool by the authors of PLINK [14] since the resultant statistic is an approximation to a statistical interaction.
PLINK is used extensively in the search for genetic risk factors and is not as limited as the labor intensive SF calculator. When using GWAS data, we propose the use of -fast-epistasis as a suitable screening tool to identify the top 100 GWAS 'hits' for further examination. We recommend this screening to be followed by the application of either -epistasis or the synergy factor calculator to then focus on potential interactions, for confirmation and replication in further sample sets.
Another limitation of these methods is in the number of interactions that can be simultaneously analyzed. Both -epistasis and -fast-epistasis in PLINK are designed to examine pair-wise combinations of SNPs only [14] . Synergy factor is slightly more versatile and to include a third interacting factor would require the user to perform two sequential SF calculations, i.e., SNP x SNP, after initial stratification based on a previous SNP. This method may then be hampered by insufficient power in smaller datasets [15] .
With sufficient computer facilities both association analysis and determination of statistical epistatic interaction could technically be performed in parallel on GWAS datasets. We show here that sample numbers typically used in GWAS ( 5000-10000) are sufficiently large to detect even modest epistatic interactions.
There is much to be explored in the investigation of the genetic architecture of complex diseases such as LOAD -particularly regarding rare variation. This may provide a plethora of previously unconsidered potential epistatic interactions and biological pathways that further bolster evidence found for associationi.e., factors may be associated with disease because of the potential for epistatic interaction. This may in turn provide a parallel direction of further study into pharmacogenetics and enable the pinpointing of individuals for a range of different treatments. Epistasis has already been implicated in antiepileptic drug resistance from a pharmacogenetic perspective [19] , and while this study highlights limitations we feel this is a point that needs to be considered in complex disorders, such as LOAD, and further enhances the utility in determining evidence for epistatic interaction.
We are only looking at statistical interactions; therefore attempting to discuss the interactions from a biological perspective is beyond the remit of this study. However, by effectively 'screening' for interactions we can then use this information to identify potential gene-gene interactions and make economical use of laboratory and investigator time which may help to direct studies towards potentially important biological pathways. The presence of a true interaction being observed in these model datasets, however, cannot be commented on from these results. Larger sample collections and extensive functional studies would be required to fully explore the existence of any interaction.
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